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A B S T R A C T
The objective of this study is to describe a completely new 10-day gross primary production (GPP) product
(MGPP LSA-411) based on data from the geostationary SEVIRI/MSG satellite within the LSA SAF (Land Surface
Analysis SAF) as part of the SAF (Satellite Application Facility) network of EUMETSAT.
The methodology relies on the Monteith approach. It considers that GPP is proportional to the absorbed
photosynthetically active radiation APAR and the proportionality factor is known as the light use efficiency ε. A
parameterization of this factor is proposed as the product of a εmax, corresponding to the canopy functioning
under optimal conditions, and a coefficient quantifying the reduction of photosynthesis as a consequence of
water stress. A three years data record (2015–2017) was used in an assessment against site-level eddy covariance
(EC) tower GPP estimates and against other Earth Observation (EO) based GPP products. The site-level com-
parison indicated that the MGPP product performed better than the other EO based GPP products with 48% of
the observations being below the optimal accuracy (absolute error < 1.0 g m−2 day−1) and 75% of these data
being below the user requirement threshold (absolute error < 3.0 g m−2 day−1). The largest discrepancies
between the MGPP product and the other GPP products were found for forests whereas small differences were
observed for the other land cover types. The integration of this GPP product with the ensemble of LSA-SAF MSG
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T
products is conducive to meet user needs for a better understanding of ecosystem processes and for improved
understanding of anthropogenic impact on ecosystem services.
1. Introduction
A major awareness of the necessity of an improved monitoring of
the global climate system is conducting for increased understanding of
climate change and also for combating, monitoring and predicting se-
vere events. This implies definition, establishment and quality assess-
ment of Essential Climate Variables (ECV) products, which can be re-
trieved from Earth Observation (EO) at global scale (Bojinski et al.,
2014). The Land Surface Analysis SAF (LSA SAF) is part of the Satellite
Application Facility (SAF) network of European Organization for the
Exploitation of Meteorological Satellites (EUMETSAT). It contributes to
the monitoring of the biosphere from space since the end of 2008 with
an ensemble of operational products, including ECVs such as the leaf
area index (LAI), the fraction of absorbed photosynthetically active
radiation by vegetation (fAPAR) and the fractional vegetation cover
(https://landsaf.ipma.pt) (Trigo et al., 2011). The LSA-SAF products
take benefit of EO data from sensors onboard EUMETSAT geostationary
and polar orbiting satellites, such as the Spinning Enhanced Visible and
InfraRed Imager (SEVIRI) on board of the Meteosat Second Generation
(MSG) platform and the Advanced Very High Resolution Radiometer
(AVHRR) aboard the EUMETSAT Polar System (EPS) (García-Haro
et al., 2018), respectively.
Although not included in the ECVs list from the World
Meteorological Organization, the gross primary production (GPP) is a
relevant variable that measures the carbon uptake by photosynthesis
per unit of time and area and thus it is directly connected with the
amount of carbon dioxide in the atmosphere and some other atmo-
spheric and terrestrial ECVs (GTOS, 2010; Bojinski et al., 2014).
In particular, for terrestrial biosphere, the continuous monitoring
for improved understanding of the spatiotemporal variability in the
GPP is essential for advancing our knowledge of global terrestrial
carbon cycling and assessing the response to ongoing climate change
(Zhang et al., 2014), especially for policy decision-making (Metz et al.,
2006). Additionally, spatially explicit estimates of plant productivity
are necessary for agricultural management and yield forecasting (Kang
et al., 2009; Gitelson et al., 2014), assessing the contribution of forest
ecosystems as main sinks of atmospheric carbon in the biosphere (Metz
et al., 2006; Gilabert et al., 2017), or analyzing the response of eco-
systems to extreme droughts (Vicca et al., 2016), among others.
Today technically feasible methods make EO-based GPP monitoring
on a global scale applicable, and it thereby fulfill requirements for being
an ECV (Bojinski et al., 2014). The first publicly available regular GPP
product was the MOD17 (Heinsch et al., 2006; Zhao et al., 2011;
Running and Zhao, 2015) from Moderate Resolution Imaging Spectro-
radiometer (MODIS). It corresponds to an 8-day global GPP composite
at 1-km (version 5.5) and at 500-m (version 6) spatial resolution. A
renewed interest for operationally derived GPP estimates at global scale
entirely driven by EO data has emerged (Running et al., 2004), and a
series of EO-based GPP products and initiatives at global scale are
thereafter available, such as the monthly FLUXCOM product at
0.5° × 0.5° spatial resolution (Tramontana et al., 2016) from the Max
Planck Institute for Biogeochemistry, the 10-day Gross Dry Matter
Productivity (GDMP) product at 1 km (CGLOPS1, 2018a) from the
Copernicus Global Land Service (CGLS) or the daily Soil Moisture Ac-
tive Passive (SMAP) Level-4 carbon (L4_C) product at 9 km (Jones et al.,
2017; Kimball et al., 2017) from National Aeronautics and Space Ad-
ministration (NASA).
The absolutely most commonly applied method for predicting GPP
using EO data at different spatial and temporal scales is the Monteith
light use efficiency approach (Monteith, 1972; Waring and Running,
2007; Running and Zhao, 2015; Martínez et al., 2018a). According to
this approach, the GPP is directly related to the absorbed photo-
synthetically active radiation (APAR), with ε as the proportional light
use efficiency factor. APAR is given by the product of the fAPAR and the
inward photosynthetically active radiation (PAR), whereas ε is modeled
as the product of a εmax, corresponding to the canopy functioning under
best conditions, and a series of factors quantifying the reduction of
photosynthesis as a consequence of different stresses such as water
stress and thermal stress. Such a parameterization is currently adopted
by the MOD17 (Heinsch et al., 2006), the GDMP (CGLOPS1, 2018b),
and the SMAP L4_C products (Kimball et al., 2017). Frequently ε is also
known as efficiency conversion since εmax also takes into account the
unit conversion from energy (APAR) to mass (GPP).
Given the importance of GPP for the monitoring of the terrestrial
biosphere and its response to climate change, a consortium of EO-based
GPP products is of high societal relevance. Today, the publicly available
EO-based products are either based on MODIS (MOD17 and SMAP
L4_C) or Project for On-Board Autonomy (PROBA-V) (GDMP) data. For
the spatially explicit GPP to be properly assessed, it is extremely im-
portant that monitoring products are independent and based on dif-
ferent input data. The overarching aim of this study is to describe a
completely new and recently launched 10-day GPP product based on
data from the geostationary MSG satellite. In the current study, the
physically based Monteith light use efficiency approach (Monteith,
1972) is applied, taking advantage of the suite of LSA-SAF products.
The quality and robustness of the newly launched LSA-SAF GPP product
(MGPP LSA-411) is evaluated at both site and global scales across the
MSG disk using eddy covariance (EC) GPP estimates and EO-based GPP
products, respectively.
The paper presents the following structure. The implementation of
the modeling framework is described first. The MGPP product relies on:
(i) an intermediate MSG daily GPP product (MDGPP) that aids to filter
those unreliable observations when the 10-day GPP composite is com-
puted and (ii) the use of a water balance to characterize the water stress
factor in Monteith’s approach. Secondly, the accuracy of the MGPP
product is assessed against site-level GPP estimates from EC flux towers.
Finally, a consistency analysis is performed by a direct comparison with
other EO GPP products. These products are the 8-day MOD17A2H
version-6 at 500-m spatial resolution, the daily 9-km SMAP (L4_C)
product (SPL4CMDL) version 3 from NASA, and the 10-day GDMP
product at 1 km from Copernicus.
2. MGPP retrieval methodology
2.1. Algorithm theoretical basis
The algorithm to retrieve 10-day GPP from SEVIRI/MSG data first
computes daily GPP through Monteith’s approach (Monteith, 1972).
For this purpose, it uses two SAF products to obtain APAR: the DIDSSF,
corresponding to the daily integrated downward surface shortwave flux
(LSA‐203), and the MDFAPAR, corresponding to the daily fAPAR LSA-
SAF product (LSA‐425). As previously mentioned, εmax depends on the
vegetation type. In this case, four main categories are considered cor-
responding to deciduous broadleaf forest (DBF), evergreen broadleaf
forest (EBF), evergreen needleleaf forest (ENF), and mixed forest (MXF)
and the remaining ecosystem types. On the basis of theoretical con-
siderations (Garbulsky et al., 2010) and previous studies (Martínez
et al., 2018a, 2018b), the assigned values to εmax are: 1.8 g MJ−1,
1.7 g MJ−1, 1.5 g MJ−1 and 1.2 g MJ−1, respectively. On the other
hand, as radiation and water are the main climatic constraints to plant
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growth at global scale (Nemani et al., 2003), only the water stress is
considered. Thus, the Monteith approach to retrieve daily GPP
(g m−2 day−1) can be written as:
= C fGPP PARmax ws APAR (1)
where fAPAR is dimensionless and PAR is given in MJ m−2 day−1. The
water stress coefficient, Cws, is obtained from a straightforward water
balance from actual and potential evapotranspiration (AET and PET,
respectively). The original Cws was proposed by Potter et al. (2003) and
applied satisfactorily over Italy (Maselli et al., 2009), Spain (Gilabert
et al., 2015; Sánchez-Ruiz et al., 2017), and Euroafrica (Martínez et al.,
2018a). A slight modification of Cws is proposed in the MGPP algorithm:
= +C 0.6 0.4 AET
ET0ws (2)
where ET0 is the reference evapotranspiration. Two SEVIRI/MSG pro-
ducts are used in the calculation of Cws, enhancing the internal con-
sistency of the algorithm (see Section 2.2.3). The feasibility of taking
into account the daily AET SEVIRI/MSG product (DMET, LSA 302) in
the GPP algorithm was evaluated over Europe and Africa (Martínez
et al., 2018a), providing a suitable solution to account for the water
stress on vegetation at regional and global scales. It has been shown
that the inclusion of the ET0 in Eq. (2) provides a reduction of the root
mean square error (RMSE) up to 42% (Martínez et al., 2018a) as
compared to MDGPP when the PET is considered (as proposed by
Gilabert et al., 2015). As demonstrated by Martínez et al. (2018a), the
Cws parameterization achieves both the correct estimation of GPP in
non-stressed areas and the downregulation of productivity during the
dry season due to water scarcity.
Cws ranges from 1 (no reduction, e.g. irrigated crops) to 0.6 (pho-
tosynthesis is reduced to 60% of its potential value due to short-term
water scarcity). The use of daily AET and ET0 values in the algorithm is
based on the following rationale: in order to avoid water loss when
suffering water stress, plants close their stomata, which regulate both
CO2 and H2O exchange with the atmosphere. Therefore, a quasi-im-
mediate response to photosynthesis reduction due to a decrease in CO2
diffusion can be expected in AET (Monson and Baldocchi, 2014).
The near-real time 10-day GPP values are derived from the mean of
the daily GPP good quality values, which are obtained from the internal
MDGPP product produced at daily temporal scale. The MGPP is pro-
duced at the LSA-SAF products grid; the native geostationary grid of
SEVIRI with pixel size at the original resolution of SEVIRI/MSG (3 km
at the sub-satellite point for standard channels). Further details are
given in the Section 2.3.
2.2. Algorithm input data
2.2.1. PAR
The PAR, which designates the solar radiation from 0.4 µm to
0.7 µm, drives the process of photosynthesis. The MGPP algorithm
computes the incoming daily PAR as 46% of the incoming global solar
radiation (Iqbal, 1983) given by the MSG DIDSSF product (LSA-203),
which is a daily integration of all the 30-min DSSF values. The DSSF
represents the incident downward surface shortwave flux to the Earth’s
surface per area and time unit. It relies on surface albedo and atmo-
spheric absorption, but most of all on cloud coverage and solar zenith
angle (LSA SAF, 2012).
Several validation exercises of the DSSF product have been per-
formed. Geiger et al. (2008) validated it in a ground measurement
station placed in each of the following five European countries: Estonia,
France, Portugal, Switzerland, and United Kingdom. Moreno et al.
(2013) performed a more intense one using 45 ground stations of the
Spanish meteorological agency (www.aemet.es) obtaining a mean ab-
solute difference MAD = 11 W m−2 (6%).
2.2.2. fAPAR
The daily fAPAR product used in the algorithm (MDFAPAR) is pro-
vided by the LSA-SAF system over the SEVIRI/MSG projection
(Camacho et al., 2017). It is linearly related to the Renormalized Dif-
ference Vegetation Index, obtained with the reflectance in the near
infrared (RNIR) and red (RR) bands computed for an optimal geometry
using the bidirectional reflectance distribution function (BRDF) para-
meters (Roujean et al., 1992; Roujean and Bréon, 1995). The error in
the product generally ranges between 0 and 0.2. However, according to
García-Haro and Camacho (2016), errors can be occasionally higher in
Europe during wintertime due to a combination of effects (e.g. snow
cover traces, large shadows, high cloud occurrence, high anisotropy,
low illumination angles); whereas in Africa (with optimal acquisition
geometry) only the persistent presence of clouds affects the uncertainty
significantly (García-Haro and Camacho, 2016). According to Camacho
et al. (2017), pixels with uncertainty greater than 0.15 should be la-
beled as poor quality ones.
The MDFAPAR product has showed to be consistent against ground
measurements with an overall performance RMSE = 0.17 and 65% of
samples within LSA-SAF target requirement level (Camacho et al.,
2017). Overall discrepancies between MDFAPAR and equivalent pro-
ducts (e.g. SPOT/VGT GEOVI1 and MODIS15A2 C5) showed
RMSE ≈ 0.16 and MBE ≈ –0.1 for the 2008–2009 period (Camacho
et al., 2017).
2.2.3. Water stress coefficient (Cws)
The daily Cws is calculated through the ratio between AET (DMET,
LSA-302) and ET0 (DMETREF, LSA-303) LSA-SAF products. The ET0 is
defined as the ET that a theoretical surface covered by green grass
(0.12 m height) with a specific albedo, roughness length for heat and
momentum, and surface resistance would have under particular atmo-
spheric environment (Allen et al., 1998; Trigo and de Bruin, 2016). The
DMETREF is derived using, as main input, the daily LSA-SAF short-
wave radiation product at the surface (DIDSSF, LSA-203). The DME-
TREF product results from the combination of the thermodynamic
model by Schmidt (1915) and a model for the atmospheric boundary
layer (de Bruin et al., 2016).
According to Trigo and de Bruin (2016), the DMETREF product is
appropriate for drought monitoring (among other large scale assess-
ments) obtaining RMSE lower than 1.0 mm day−1 in temperate regions
and up to 1.6 mm day−1 in dry and warm regions.
2.2.4. Maximum light use efficiency (εmax)
The 1-km Global Land Cover 2000 (GLC2000) (Bartholomé and
Belward, 2005) is considered to assign the different biome-specific εmax
values. The GLC2000 legend development used the proposed Food and
Agriculture Organization of the United Nations Land Cover Classification
System (Di Gregorio and Jansen, 2000), which has been extensively con-
sidered in global land cover mapping. In fact, the GLC2000 land cover is a
main input in the definition of boundaries among ecosystems such as
forest, wetlands, and cultivated areas, which were defined by Millennium
Ecosystem Assessment secretariat as priority land covers (http://www-
gvm.jrc.it/glc2000/defaultGLC2000.htm) (Mayaux et al., 2006). The
global map is obtained from regional products modified to the local con-
ditions offering an overall accuracy of 68.6%, similar to other land cover
maps, such as the International Geosphere Biosphere Programme (66.9%)
or Globe Cover 2009 (67.5%) (Congalton et al., 2014).
A more general land cover was proposed by combining analogous
classes from the original GLC2000. Therefore, the study area was
characterized by 8 land cover classes: bare soil with an occurrence of
32% followed by croplands and grasslands with a presence of 15%. The
forest land covers selected were deciduous broadleaf forest (13%),
evergreen broadleaf forest (7%), evergreen needleleaf forest (2%), and
mixed forest (5%). An 11% was obtained for the shrublands land cover.
This simplification shortens the number of biomes though remaining
the main geographical patterns (Martínez et al., 2013).
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2.3. Algorithm implementation and outputs
Daily GPP (MDGPP) was calculated through Eqs. (1) and (2) using
daily estimates of MDFAPAR, DIDSSF, DMET and DMETREF as input
data. This daily product is currently operationally derived by the LSA-
SAF system (i.e. internally disseminated) and corresponds to an im-
provement of that published in Martínez et al. (2018a). More detailed
information regarding the performance of this daily product can be
found in freely accessible documents (Martínez et al., 2018b, 2018c).
The MGPP product was then computed from the mean value of high-
quality daily MDGPP data (Fig. 1). Two quality requirements were used
to assure the confidence of the 10-day product: (i) the occurrence of
daily MDFAPAR errors smaller than 0.15 and (ii) the presence of gaps in
the DIDSSF product lower than 5 days.
An error estimate of the 10-day GPP product was derived founded
on the contribution of the relative errors of the input data. However,
the existing MGPP product provides a theoretical error approximation
by the addition of the different uncertainties associated only to the
fAPAR product (MDFAPAR). If the errors published by Moreno et al.
(2013) (e.g. rMBD ≈ 1%) are considered, the PAR relative error could
be disregarded as compared to the relative uncertainty of the
MDFAPAR product (with a relative uncertainty of 10%). Furthermore,
the light use efficiency error is determined by the εmax and Cws, which
show the same order of magnitude that the fAPAR error (Gilabert et al.,
2015).
The MGPP product consists of 4 different layers (Fig. 1). Layer 1
(MGPP) comprises the 10-day mean GPP value. Layer 2 (MGPP QF1)
corresponds to the total of days with MDFAPAR uncertainty above 0.15
along the 10-day period. Layer 3 (MGPP error) informs us about the
associated MGPP error whereas layer 4 (MGPP QF2) refers to the total
of daily MDGPP images considered in the MGPP estimation. A high
confidence of the MGPP product would be expected for low MGPP QF1
and high MGPP QF2 values, respectively. The MGPP product is only
delivered when more than three MDGPP images are available (see ex-
ample in Fig. 1).
3. MGPP assessment
The MGPP product assessment was achieved based on the main
recommendations suggested by the Land Product Validation of the
Committee on Earth Observation Satellite Working Group Cal/Val for
validation of the EO-based products (Fernandes et al., 2014). This
comprises different exercises for the assessment of moderate and coarse
resolution EO-based products:
(i) The MGPP global patterns consistency was analyzed. General
global patterns and seasonal dynamics were qualitatively eval-
uated for the MGPP along with the different EO-based GPP pro-
ducts. This qualitative assessment provided us information about
the capability of the MGPP product to reproduce global patterns
and seasonality in order to determine any apparent MGPP model
errors or anomalies.
(ii) The MGPP performance was assessed against site-level EC flux
estimates, which provide estimates of the product accuracy. This
validation relied on the correlation coefficient (r), the mean ab-
solute error (MAE), the mean bias error (MBE), and the root mean
square error (RMSE). The latter three quantities expressed in
g m−2 day−1. The Appendix A shows a summary of the perfor-
mance of the daily product (MDGPP) used to derive the MGPP,
which was assessed against daily EC estimates.
Fig. 1. Scheme of the methodology proposed to derive the MGPP product for a particular date. The required inputs of the algorithm are depicted inside the orange
frame whilst the different MGPP layers are drawn inside the green. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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(iii) The MGPP performance against global benchmarking EO-based
GPP products was also accomplished to assess the MGPP product
skills regarding the temporal and spatial reliability over the main
land covers. The root mean square difference between products
(RMSD), the mean bias difference (MBD), the mean absolute dif-
ference (MAD), and the correlation coefficient were considered to
quantitatively assess the discrepancies between products. Lastly,
the differences of the mean GPP values between the EO-based GPP
products against latitude are analyzed by means of the Hovmoller
diagrams. The differences are computed every 10°-latitude bands
in each month during the period 2015–2017.
Finally, a user requirements compliance analysis at selected
FLUXNET sites was achieved. Three categories were proposed based on
the needs of user requirements defined in the LSA-SAF project and
following different recommendations adopted from relevant studies
(Schaefer et al., 2012; Kimball et al., 2016; Baldocchi, 2008). Conse-
quently, three requirement levels were proposed based on different
ranges computed from the GPP residuals of the EO-based products and
the EC flux towers GPP estimates: optimal accuracy for residuals values
below 1.0 g m−2 day−1, target accuracy for residuals below
2.0 g m−2 day−1, and threshold accuracy for residuals values below
3.0 g m−2 day−1.
4. Data for MGPP assessment
4.1. EC tower GPP estimates
A spatial analysis to quantify MSG pixel homogeneity was con-
ducted over all FLUXNET EC towers within the MSG disk. The land
cover similarity within a 5 × 5 km2 area around the towers was in-
vestigated using the 1-km GLC2000. Those sites that showed more than
two land cover types were neglected for the MGPP assessment. The
fraction of every land cover inside the considered 5 × 5 km2 area was
computed. Sites with a land cover fraction above 80% were considered
directly. The rest of the sites were analyzed using Google Earth by vi-
sual inspection. In the end, 8 sites were selected for the study (Table 1
and Fig. 2 left). The pixel purity of the 5 × 5 km2 area was computed as
the fraction of the most dominant land cover. Daily GPP data from these
sites were provided by the principal EC tower responsibles. The process
to derive GPP estimates for every site comprised the gap filling of net
ecosystem exchange time series along with the application of a standard
flux partitioning algorithm (Lasslop et al., 2010). The GPP estimates
were averaged for each 10-day period and compared with the MGPP
estimates.
Fig. 2 (right) displays the location of different sites (MSGVAL) used
to achieve the comparison between MGPP and the other EO-based GPP
products (Fuster et al., 2017). The MSGVAL consists of 478 sites that
characterize the global variability of different land surface types: 239
BELMANIP-2.1 (Weiss et al., 2014) sites covering the MSG disk, 120
EUVAL sites located over Europe and North of Africa (Camacho et al.,
2017), 29 African validation sites used by the Natural Resources
Monitoring for Africa throughout geoland-2 project, 8 Enviro-Net sites
(www.enviro-net.org/) over South of America, 63 sites proposed in
OLIVE DIRECT (http://calvalportal.ceos.org), and 19 used in the FP7
ImagineS project (http://fp7- imagines.eu/).
4.2. EO-based GPP products
4.2.1. MODIS GPP product (MOD17A2H)
The 8-day MODIS GPP product version 6 (MOD17A2H V006) at
500-m spatial resolution was obtained from the online NASA archive,
the Land Processes (LP) Distributed Active Archive Center (DAAC),
(https://reverb.echo.nasa.gov). The V006 products use the same algo-
rithm as MODIS GPP version-5 (Zhao et al., 2005, Zhan and Running,
2010) but with some improvements concerning the use of: (i) a higher
spatial resolution (500 m) since the 8-day composite LAI/FPAR MODIS
product at 500-m resolution is used, (ii) an updated Biome Property
Look Up Table (BPLUT) and (iii) an updated version of the meteor-
ological data from the Global Modeling and Assimilation Office.
The MODIS product was reprojected to the SEVIRI/MSG disk by
considering all the MODIS values within a SEVIRI pixel and labeled as
acceptable quality control. This version includes some cloud-con-
taminated LAI/FPAR inputs that users are recommended to reject by
considering the quality information contained in the product. In our
case, the quality control provided by the product (layer 3) was used to
discard those pixels with poor and unacceptable quality. Those pixels
corresponded mainly to snow, water or unreliable values.
4.2.2. SMAP GPP product (SPL4CMDL)
The SMAP Level-4 carbon (L4_C) product (SPL4CMDL) version 3
provides 9-km global gridded daily estimates of GPP derived by using
SMAP L-band microwave data and different information (e.g. land
cover and vegetation) derived from MODIS, Visible Infrared Imaging
Radiometer Suite, and the Goddard Earth Observing System Model land
model integration scheme.
The L4_C algorithm is mainly based on the MOD17 algorithm (Zhao
et al., 2005, Zhao and Running, 2010) but modified to inputs in a daily
basis (Kimball et al., 2009, Yi et al., 2013). The L4_C calculations are
first conducted at a 1-km spatial resolution agreeing with other inputs
such as fAPAR. Only best quality fAPAR data are included as L4_C inputs.
Absent or poor quality 8-day fAPAR data are refilled by using the values
of a typical climatological fAPAR dataset derived from a 10 years long-
term MODIS fAPAR data record. Thus, this auxiliary MODIS fAPAR at 8-
day allows a backup option to fill the missing values in the SMAP
product.
The SPL4CMDL product performance was successfully tested against
reference flux measurements (e.g. FLUXNET EC) and synergistic global
remote sensing products (e.g. GPP from Max Planck Institute) covering
different latitudinal, land cover and vegetation biomass conditions
(Kimball et al., 2014).
The SMAP data were re-projected from the cylindrical 9-km Equal-
Table 1
Detailed information of the 8 EC sites selected over Europe and Africa. The pixel purity over a 5 × 5 km2 GLC2000 area is also included. In accord with the FLUXNET
site information, the different land covers considered correspond to: DBF (deciduous broadleaf forest), EBF (evergreen broadleaf forest), ENF (evergreen needleleaf
forest), MXF (mixed forest), SHR (shrublands), CRO (croplands), GRS (grasslands) and SAV (savanna).
Site Name Country Latitude (°) Longitude (°) Altitude (m) Land Cover GLC2000 pixel purity Temporal coverage Reference
DE-Geb Gebessee Germany 51.10 10.91 161 CRO CRO 100 (01/2015–12/2017) Anthoni et al. (2014)
DE-Gri Grillenburg Germany 50.95 13.51 385 GRS ENF 92 (01/2015–12/2017) Hussain et al. (2011)
DE-Kli Klingenberg Germany 50.89 13.52 478 CRO CRO 100 (01/2015–12/2017) Preschet et al. (2010)
DE-Tha Tharandt Germany 50.96 13.57 385 ENF ENF 60 (01/2015–12/2017) Preschet et al. (2010)
ES-LMa Las Majadas Spain 39.94 −5.77 258 SAV MXF 80 (01/2015–09/2017) Casals et al. (2011)
FI-Hyy Hyytiala Finland 61.85 24.29 181 ENF ENF 80 (01/2015–12/2017) Suni et al. (2003)
SN-Dhr Dahra Senegal 15.40 −15.43 40 SAV CRO 100 (01/2015–12/2017) Tagesson et al. (2015a)
Za-Kru Skukuza Southafrica –25.02 31.50 359 SAV SHR+DBF 64 (12/2015–12/2017) Archibald et al. (2009)
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Area Scalable Earth Grid, version 2.0 (EASE-Grid 2.0) to the geographic
1-km (WSG-84) projection. The resulting SMAP data in geographic
coordinates were geo-located to the normal SEVIRI projection by a si-
milar process applied to the MOD17A2H product.
4.2.3. Copernicus GDMP
The 1-km GDMP product provides global 10-day estimates of GPP
based on SPOT-VEGETATION and PROBA-V data. The Monteith ap-
proach is used to derive the GDMP product of the CGLS. It is an in-
termediate product for the dry matter product (DMP) V2 that is deliv-
ered to users. It is related to the total of biomass that is produced in a
specified length of time, without considering any diminution caused by
other processes, such as plant respiration. This product uses the CGLS
fAPAR version 2 as an input, which shows a smaller amount of missing
values conferring the GDMP product a smoother time series with higher
continuance with respect to version 1 (CGLOPS1, 2018b). One of the
main features of the GDMP V2 concerns the use of specific εmax values
per biome obtained by adjusting the GDMP values with EC GPP esti-
mates (i.e. 224 FLUXNET towers globally distributed). However, water
stress factors are not directly accounted for in the DMP prototype,
considering that it is inherently accounted for the fAPAR. The GDMP data
at 1 km were geo-located to the native SEVIRI system by a similar
process as for the MODIS data.
5. Results
5.1. MGPP global patterns and features
Fig. 3 shows the mean values for the MGPP, MODIS, SMAP and
GDMP at SEVIRI/MSG spatial resolution for January, April, July and
October 2015–2017. The GPP products were computed at monthly
temporal resolution by averaging the good quality GPP values in a
monthly step. The monthly average for every product was computed
when more than three images were available. Areas in white belong to
pixels where the MGPP product did not provide valid values (e.g. water
and snow pixels and pixels with no valid inputs values). GPP values
were not provided at desert areas owing to the absence of required
products in Eq. (1) (e.g. AET).
In general, all the GPP products showed spatially consistent pat-
terns. As expected, higher GPP values were produced over forests (e.g.
rainforest regions and pixels located at latitudes around 50°–60°N),
whereas low GPP values were observed over drylands regions (e.g.
southern Spain, Sahel region, eastern Africa and southern Africa).
Discrepancies between the GDMP and the rest of the products were
clear and the GDMP values were much higher than the other products.
Although differences existed among all products, MGPP, MODIS and
SMAP GPP estimates provided lower relative differences as compared to
GDMP. The MGPP product provided higher values over tropical forests
in central Africa than the MODIS and SMAP products. Indeed, a recently
study has reported inaccuracies in the MOD17 GPP collections 5.0, 5.5
and 6.0 over tropical forests (De Almeida et al., 2018). A larger number
of gaps were observed in the MGPP product due to the no availability of
fAPAR values throughout wintertime at very high latitudes (> 50° N)
and West regions of central Africa, whereas the SMAP and GDMP
products provided fewer missing values since the retrieval algorithms
used different gap filling methods.
The seasonal variation in the quality of the MGPP product during
the period 2015–2017 is depicted in Fig. 4. The quality (good, medium,
poor and bad) was computed based on the coverage of the product
during the considered period. Overall, a high mean coverage (around
80% of pixels) of good and medium quality observations was presented
for all the period (green and turquoise colors in Fig. 4 left). Only around
the 6% of MSG disk showed poor consistency (red colors) for all the
period. More excluded values were observed at the beginning and end
of the year (around 15%) mainly due to the combination of reduced
incoming PAR, increased anisotropy, persistent presence of clouds and
snow cover at high latitudes in the North hemisphere (García-Haro
et al., 2018). The best performance corresponded to areas located under
40°N latitude, as African continent and southern Europe, whereas poor
and bad quality levels were observed at the edge of the disk such as in
northern Europe and central South America.
5.2. MGPP performance against EC tower GPP estimates
The MGPP profiles captured the seasonal dynamics in GPP
throughout the year, particularly in the off-growing season, indicating
that the algorithm was responding to short-term changes in environ-
mental conditions (Fig. 5). However, the magnitude of the MGPP was
not always precise; at croplands and grassland flux tower sites (DE-Geb,
DE-Kli and DE-Gri), a RMSE > 3 g m−2 day−1 was observed. These
sites were strongly influenced by management practices. For example,
the grassland is harvested two to four times per year, which explains the
Fig. 2. Left: The Global Land Cover 2000 (GLC2000) adapted to the SEVIRI projection. The considered EC towers are also depicted in red points. A more general
classification of 8 land classes has been obtained to decrease the 23-land cover types though conserving the main characteristics of the original GLC2000. Right:
MSGVAL network location at different land covers for comparison between MGPP and other EO-based GPP products (Fuster et al., 2017).
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sudden drops in the EC GPP observed during the central part of the
maximum vegetation development for 2016 and 2017. Neither of the
EO-based products was able to reproduce these sudden drops at DE-Gri
grassland site whereas MGPP, MODIS and SMAP reproduced the har-
vest at the crop sites well. The start of the growing season was well
reproduced by all EO products. Although the GDMP product better
agreed with the EC GPP during the growing season onset, it was not
able to reproduce neither the relatively rapid diminution during the
middle of the year nor capture the inter-annual changes on GPP ob-
served in DE-Kli site at the end of the period. For the crop sites (DE-Gri
and DE-Kli), the MGPP product achieved the best validation metrics of
the EO GPP products (Table 2).
At the evergreen needleleaf forest sites (DE-Tha and FI-Hyy), the
MGPP performed well and again had the best validation metrics of the
EO-based GPP products (Table 2). Both sites belong to a very
homogeneous area, mainly composed by coniferous evergreen species
(Suni et al., 2003; Preschet et al., 2010). The GDMP product had again a
very different magnitude as compared to the other products, which may
be partially explained by the εmax. A higher εmax value
(1.98 g m−2 day−1) is assigned in the GDMP algorithm as compared to
the rest of the products (1.5 g m−2 day−1 for MGPP and
0.96 g m−2 day−1 for MODIS and SMAP).
The savanna site (ZA-Kru) inside the Kruger National Park is a good
example for the potential of MGPP to detect drought events. Savanna
ecosystems cover about fifth of the Earth's land surface and just under
half of Africa’s land area. Thus, monitoring changes in savannas re-
quires a method that may offer sufficiently large spatial extents
(Tsalyuk et al., 2017). At this site, an extremely strong El Niño caused a
major drought (precipitation of 185 mm, below its average of 550 mm)
in the growing season of 2015/2016, which was comparable with the
Fig. 3. GPP mean values from 2015 to 2017 for January, April, July and October (rows) at MSG disk for MGPP, MODIS, SMAP, and GDMP products (columns A, B, C,
and D, respectively).
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1933 and 1982 droughts in southern Africa (Bahtaa et al., 2016). All EO
products showed low GPP during this drought event (Fig. 5). A higher
increase in EC GPP was observed during the growing season of 2017
that was only reproduced by the GDMP product. MGPP, MODIS and
SMAP products showed similar GPP values for all the considered
period. The MGPP product also reproduced the low GPP values as
caused by low precipitation levels at the site in Spain (ES-LMa). The
year 2017 was identified as the second driest year since 1965 (2005 was
the driest) with a mean annual precipitation of 474 mm, which is 27%
lower than the mean annual value (1981–2010) (http://www.aemet.
es/es/serviciosclimaticos/). The MGPP product reproduced the EC GPP
measurements most accurate followed by the MODIS and SMAP pro-
ducts (Table 2). The GDMP product again produced too high peak va-
lues with GPP outcomes up to 20 g m−2 day−1.
The savanna site at Dahra (SN-Dhr) showed typical seasonal dy-
namics of semi-arid sites with low GPP throughout the dry season and
peak values along the wet period (Fig. 5; Tagesson et al., 2015).
However, the ground-based measurements of GPP reached values
around 14 g m−2 day−1, which was much higher than GPP usually
found in semi-arid savanna ecosystems (Tagesson et al., 2016) ex-
plaining why all EO-based products showed a lower magnitude than the
field measured values. The GDMP and MGPP products reproduced the
site GPP better than SMAP and MODIS (Fig. 6; Table 2). It can be ap-
preciated in Fig. 6 that GDMP generally overestimates EC observations,
while the rest of the products underestimate them. Exceptions are
MGPP, MODIS, and SMAP overestimating low GPP in DE-Geb and DE-
Kli.
5.3. MGPP performance against global benchmarking EO-based GPP
products
Scatterplots between the MGPP and MODIS (left), SMAP (center)
and GDMP (right) products for the MSGVAL network are shown in
Fig. 7 for the period 2015–2017. Colors refer in this case to the different
continents, Europe (blue), Asia (black), Africa (red) and South America
(green). Overall, the largest discrepancies were observed for the three
land covers of forest with the lowest error between MGPP and SMAP
(RMSD < 2.1 g m−2 day−1) and the highest error between MGPP and
GDMP (RMSD < 12.2 g m−2 day−1) (Table 3). In the last case, the
GDMP had significantly different GPP distribution values as compared
to the MGPP. The MGPP values provided lower values than the GDMP
product (majority of the points are distributed under the centerline,
dashed black line), which was in accordance with findings in Fig. 3. The
lowest differences were observed for the other land covers (i.e. her-
baceous (HRB), shrublands (SHR), croplands (CROP), and bare soil
(BS)) with a major concordance between MGPP-MODIS and MGPP-
SMAP (i.e. lower differences between estimates and similar regression
parameters values). The BS results have to be considered with caution
since the number of observations was lower than for the analysis with
the other land covers. A slightly better agreement was observed be-
tween MGPP and SMAP as compared to MODIS, maybe partly explained
by the original coarser SMAP spatial resolution (9 km). The distribution
of locations according to the different continents was as expected.
Higher GPP values of all the products for EBF over Africa (red) and
South America (green), main contribution of Europe and South America
for ENF and equal influence of all of continents to HRB, SHR and CROP
land covers.
Fig. 8 shows the Hovmoller diagrams of differences of the mean GPP
values between the EO-based GPP products against latitude in each
month during the 2015–2017 period. The MGPP product showed a
good agreement with MODIS products over most of the latitudes with
the lowest MBD (MBD < 2 g m−2 day−1). Larger differences were
observed between MGPP and SMAP (MBD > 6 g m−2 day−1), parti-
cularly at latitudes > 40° N and over rainforest regions below the
equator. These differences tended to zero during winter season (red
colors), first months in the northern hemisphere and middle of the year
for the southern hemisphere, whereas they increased during summer
season (green and yellow colors). The MBD between MGPP and GDMP
showed negative values in the majority of the analyzed latitude values,
indicating larger GDMP values for all the considered period as observed
in previous sections.
5.4. User requirements compliance
The number of observations (percent value) with a residual between
MGPP and EC GPP estimates falling below the optimal
(< 1.0 g m−2 day−1), target (< 2.0 g m−2 day−1) and threshold
(< 3.0 g m−2 day−1) values were computed. The percentage for
MODIS, SMAP and GDMP was also computed for reference. For MGPP,
the 48% of cases was found below the optimal accuracy as opposed to
the 36%, 43% and 40% found for MODIS, GDMP and SMAP products,
whereas a 64% of the measurements were below the target accuracy.
Although only 75% of the observations were within the threshold user
requirement, this value agreed with those observed for MODIS, GDMP
and SMAP products (75%, 76% and 74%, respectively). This accuracy
was increased to 81% when croplands (DE-Geb and DE-Kli) were not
Fig. 4. Quality of the MGPP product as a function of the mean gaps for the 2015–2017 period (left). Quality of the MGPP product per month for the 2015–2017
period (right).
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considered. Schaefer et al. (2012) stated that models’ performance was
superior at forest and worse at croplands, grassland and savanna sites.
This may be explained by the fact that at croplands landscapes, the
worst accord was found between the flux tower footprint (usually< 1
km) and the EO-based products footprint mainly due to patchy land-
scapes at large-scale (Baldocchi, 2008).
6. Discussion
Several factors that could explain MGPP disagreements with site-
level EC GPP estimates or EO-based GPP products are identified from
the results as: cloud-contaminated fAPAR estimates, ε parameterization,
εmax assignments to the different biome, a wrong assignment of
GLC2000 or a spatial resolution mismatch between the EO-based GPP
products and the site-level EC GPP footprint. In this concern, the dis-
cussion of the MGPP performance is emphasized in terms of four major
key issues of the algorithm:
(i) Light use efficiency parameterization
The ε considered in the Monteith approach underlies environmental
constraint metrics representing the reduction of maximum carbon rate
levels from potential conditions to unfavorable environmental and
physiological constrains (Connolly et al., 2009; Gilabert et al., 2015).
These environmental constrains refer to extreme daily air temperatures
and low soil moisture among others (Kimball et al., 2016). The EO-
based products considered in the assessment mainly include a series of
factors quantifying the decrease of light use efficiency owing to water
scarcity and very low temperature conditions.
The use of MGPP can take advantage from the consideration in the
methodology of the reduction in efficiency due to water shortage such
as the MODIS and SMAP products. Different studies (Yuan et al., 2007;
Fig. 5. Temporal profiles of 10-day MGPP (red dots) product together with EC tower GPP estimates (black dots) data at de different FLUXNET EC towers for
2015–2017. The MODIS (green dots), SMAP (yellow dots), and GDMP (blue dots) products were temporally resampled at 10-day resolution and also included for
reference. All GPP products were spatially resampled using the MGPP product as reference. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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Garbulsky et al., 2010) stated that when vegetation is adapted to its
local environment, water availability constrains more its function than
temperature. Particularly, the MGPP product provides certain skill to
deal with water stress throughout dry periods at sites in Africa (SN-Dhr
and ZA-Kru). For ZA-Kru site, the MGPP, MODIS and SMAP profiles
achieve a good agreement with the EC GPP data along the growing
period when a reduction in water availability is supposed. However,
higher GDMP values are observed for the dry season that could be ex-
plained by the fact that the GDMP algorithm does not include a water
stress factor to account for short term drought stresses. These results
agree with those observed in Fig. 6 for grasslands and shrublands. A
similar overall low difference between MGPP and MODIS and between
MGPP and SMAP is observed as opposed to the high dissimilarity be-
tween MGPP and GDMP (Table 2). These findings may be indicative of
the water stress as a key factor to explain the differences and not the
εmax different assignment values (1.2 g MJ−1, 0.9 g MJ−1 and
2.4 g MJ−1 for grasslands and 1.2 g MJ−1, 1.3 g MJ−1 and 2.1 g MJ−1
for shrublands for MGPP, MODIS and GDMP, respectively). These re-
sults highlight the major role of the water balance through the AET/ET0
ratio as a constraining factor in the MGPP approach for semi-arid re-
gions.
A potentially important factor such as thermal stress is omitted in
the present version of the MGPP product. As a consequence, the MGPP
product does not include the reduction in the GPP due to cold tem-
peratures that could mainly affect regions at high altitudes and high
latitudes. It might be argued that the thermal effects are manifested
along winter season where very low GPP values are expected.
(ii) εmax assignment
The MGPP model is based on the assumption that εmax depends on
the biome and is characterized using a global land cover classification.
However, εmax can show certain variability within specific biomes be-
tween different EO-based GPP products (Turner et al., 2002; Madani
et al., 2014; Gitelson and Gamon, 2015) that can be a source of un-
certainty in GPP estimation (Madani et al., 2014). This is the case of the
GDMP product, which assigns a higher εmax value for croplands
(2.7 g MJ−1) as opposed to MGPP (1.4 g MJ−1), while other vegetation
Fig. 5. (continued)
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types are parameterized using similar εmax values. For example,
1.4 g MJ−1 and 1.2 g MJ−1 for grasslands, and 1.9 g MJ−1 and
1.8 g MJ−1 for DBF by GDMP and MGPP, respectively.
The larger discrepancies are observed for the EC GPP estimates
belonging to ENF (e.g. DE-Tha, DE-Gri and FI-Hyy) since both GDMP
and MGPP algorithm differ in the εmax assignment (1.9 g MJ−1 for
GDMP and 1.5 g MJ−1 for MGPP). In this case, differences up to 150%
are observed between the GDMP and the GPP from EC data for the
growing season with large errors (RMSE = 7.2 g m−2 day−1,
RMSE = 7.0 g m−2 day−1 and RMSE = 5.8 g m−2 day−1, respectively)
as opposed to the lower differences (up to 50%) obtained between
MGPP and GPP EC (RMSE = 2.7 g m−2 day−1,
RMSE = 4.0 g m−2 day−1, RMSE = 1.5 g m−2 day−1). This is in
agreement with the findings of Table 3 for ENF land cover with mean
differences up to 8.8 g m−2 day−1 between MGPP and GDMP.
Significantly better results are achieved by MODIS and SMAP pro-
ducts than by GDMP when compared to EC GPP estimates. The ε
parameterization for both MODIS and SMAP products relies on land
cover type through the use of a BPLUT that defines, among others, the
different εmax values per land cover (Heinsch et al., 2006). In this case,
the εmax values ranged from 0.68 g MJ−1 for crops to 1.16 g MJ−1 for
evergreen broadleaf forest. The lowest errors are observed for the SMAP
product at De-Tha site (RMSD = 2.2 g m−2 day−1), which may be
partially explained by the smoother profile resulting from a gap filling
method described in Section 3.1. The lowest error shown by the MODIS
product for the FI-Hyy site (RMSD = 1.1 g m−2 day−1) is a direct
consequence of the poor quality data reduction performed in the pre-
processing stage (described in Section 4.2.1).
At grasslands and savanna sites (SN-Dhr and ZA-Kru) in Africa,
larger disagreements with EC GPP approximations are observed during
the periods of growth, particularly at SN-Dhr since no water scarceness
is expected due to foreseeable rainy periods. As it was reported by
Martínez et al. (2018a), high EC GPP values are observed in SN-Dhr as
compared to other semi-arid sites; the reason for these values may be
justified, among others, by the concurrence of moderately dense her-
baceous vegetation, high soil nutrient presence and grazing practices
(Tagesson et al., 2016b; Martínez et al., 2018a). Regardless of the dif-
ferences, the MGPP product shows one of the lowest discrepancies
(RMSE = 1.7 g m−2 day−1; MAE = 0.9 g m−2 day−1;
MBE = –0.8 g m−2 day−1) with the EC GPP estimates along with the
GDMP product (RMSE = 1.6 g m−2 day−1; MAE = 0.9 g m−2 day−1;
MBE = –0.7 g m−2 day−1). The low agreement with the EC GPP may
be justified by two factors, the wrong εmax assignment of the MGPP
product (i.e. an εmax belonging to croplands is assigned in the MGPP
due to the land cover classification used) along with the contribution of
the fAPAR, which is also able to account for changes in the vegetation
canopy due to water stress. A direct consequence in the fAPAR due to
water stress may be the plant photosynthesis reduction due to a less
chlorophyll production (Gamon et al., 1995; Moreno et al., 2014).
Hence, a biome-specific parameterization requires accurate in-
formation on the land cover type. At global scale, a land cover map will
always contain a fraction of falsely classified pixels. Quaife et al. (2008)
reported an error in GPP estimated from satellite data up to 16% due to
land cover misclassification. In our case, an overall accuracy around a
69% was stated globally for GLC2000 (Mayaux et al., 2006). Thus,
updated versions of this information should be revised and considered
on a regular basis to provide a more reliable and consistent MGPP
product.
(iii) Temporal and spatial coverage
When the EO-based GPP products are compared, dissimilarities in
the observations may be observed due to differences in the temporal
sampling interval and data availability, which could be hindered by low
quality data mostly due to cloudy conditions. For MGPP, the largest
differences with other EO-based GPP products are observed at higher
latitudes (Fig. 8) owing to lower MGPP performance (e.g. low incoming
PAR and snow presence, see Figs. 3 and 4), and over densely forest
areas (e.g. equatorial regions) due to the high presence of clouds. Al-
though the decrease of GPP due to cloud occurrence is mainly expected
by the reduction of the PAR, the GPP values could be also constrained
by the accuracy of other inputs under these conditions, such as the
fAPAR. Thus, high fAPAR errors (> 0.2) and low-quality inputs were taken
into account in the filtering process of the MGPP product. As a result,
the 10-day GPP composite is provided for every pixel when a minimum
of three daily GPP estimates are available rather than for the MODIS
LAI/FPAR (MOD15) product where at least one day of quality LAI/
FPAR data is considered for any given 8-day period (Heinsch et al.,
2003). This may result in a higher efficiency of the MODIS GPP product
at cloudy areas such as the tropics where it is possible to find no cloud-
free 10- or 8-day periods. These areas are easily localized in the MGPP
and MODIS images for July and October over the west region of Africa
and correspond mainly to the 6% of pixels labelled as bad quality
(Figs. 3 and 4).
Despite of MODIS product includes suboptimal retrievals with
backup solution, a relaxed constrain for the 8-day composite (i.e. only a
minimum of one observation is required) and post-processing filtering
method (Zhao et al., 2005), the MODIS profiles are noisy and present
unexpected temporal drops at some validation sites, maybe caused by
fAPAR diminution due to cloud conditions (see FI-Hyy and DE-Tha). As a
contrast, the SMAP product shows a smoother profile resulting from a
gap filling method based on the replacement of those low confidence
fAPAR values retrieved from a long-term fAPAR record (Kimball et al.,
2016). This method provides the advantage of a smooth and gap-free
Table 2
Results derived from the comparison between MGPP and EC tower GPP esti-
mates. RMSE, MBE and MAE are written in g m−2 day−1. The correlation be-
tween the EO-based GPP products and the EC GPP estimates is also computed.
Site EO-based GPP product MBE MAE RMSE r
DE-Geb MGPP −3.4 4.3 5.7 0.67
MODIS −3.7 4.5 6.0 0.67
SMAP −3.2 4.5 5.8 0.64
GDMP 2.4 4.3 5.5 0.66
DE-Gri MGPP −2.1 3.0 4.0 0.62
MODIS −3.5 4.0 5.0 0.55
SMAP −2.8 3.6 4.6 0.51
GDMP 4.2 4.7 7.0 0.60
DE-Kli MGPP 0.4 3.0 3.6 0.74
MODIS −1.3 3.4 4.5 0.57
SMAP −0.5 3.6 4.3 0.59
GDMP 6.6 7.7 9.0 0.52
DE-Tha MGPP −2.2 2.3 2.7 0.80
MODIS −2.7 2.7 3.1 0.82
SMAP −1.8 1.8 2.2 0.86
GDMP 5.1 5.4 7.2 0.85
ES-LMa MGPP −0.6 0.9 1.1 0.84
MODIS −1.5 1.5 1.7 0.88
SMAP −1.4 1.5 1.9 0.69
GDMP 2.9 3.1 4.1 0.84
FI-Hyy MGPP −1.0 1.3 1.5 0.85
MODIS −0.7 0.9 1.1 0.93
SMAP −1.8 1.8 2.0 0.89
GDMP 4.2 4.6 5.8 0.91
SN-Dhr MGPP −0.8 0.9 1.7 0.93
MODIS −1.6 1.6 2.7 0.89
SMAP −1.3 1.4 2.4 0.86
GDMP −0.7 0.9 1.6 0.87
ZA-Kru MGPP −2.3 2.4 3.9 0.91
MODIS −1.3 1.9 3.3 0.90
SMAP −0.8 1.3 2.0 0.77
GDMP 1.3 2.1 2.5 0.89
Note: Correlations demonstrated a significance level up to 95%.
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GPP time series as opposed to MODIS (see Fig. 4) while may reduce
model accuracy to periodic and long-term climate variability, influence
of current climate tendencies and severe phenomena or new land cover
and land use changes (Kimball et al., 2016).
The GDMP product uses the operational 10-day CGLS fAPAR product
at 1 km from the MARSOP project (Weiss et al., 2010). In the CGLS
Fig. 6. Scatter plots of the different EO-based products (y-axis) vs. the EC tower GPP estimates for the different sites. MGPP (red dots), MODIS (green dots), GDMP
(blue dots) and SMAP (yellow dots). The coefficient of correlation (r) is also included. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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fAPAR product persistent cloud cover artefacts are eliminated by a
smoothing procedure, which confers the fAPAR times series with fewer
missing data and a higher accuracy series when validated with EC tower
GPP estimates (CGLOPS1, 2018b). Conversely, the GDMP product
hardly presents gaps offering a more continuous data record (see Figs. 3
and 4).
(iv) Spatial mismatch with EC tower footprint
Generally, special attention is recommended when estimates be-
tween tower estimates and EO-based products are compared at 1-km
pixel spatial resolution (Baldocchi, 2008; Zhou et al, 2016) due to the
spatial representativeness of the tower, which strongly depends on local
conditions like the tower’s footprint (also including wind direction), soil
properties, precipitation, elevation, etc. This makes more difficult to
generalize tower specific parameterization into broad categories like
land cover, which might also bring more uncertainties in the εmax as-
signment.
The comparison is made at MSG/SEVIRI spatial resolution except
for products with an original coarser spatial resolution such as the
SMAP product. Tower flux footprints are subsamples of the MSG pixel
and, thus, a worst adjustment among the EC footprint and the EO-based
products can lead to differences in the GPP comparison mostly in
croplands such as DE-Geb and DE-Kli. This mismatch might partially
explain the differences in the magnitude for the MGPP, MODIS and
GDMP products over the growing season as well as the minimum EC
GPP value at the harvest not account for any of the EO-based products
(at the end of the summer).
7. Conclusions
This study aimed to describe a newly launched 10-day GPP satellite
product (MGPP) using SEVIRI/MSG data as part of the EUMETSAT
application ground segment. The release of this newly product along
with the availability of long vegetation time series LSA-SAF record
(2004-present) may offer an opportunity for a better knowledge of the
different ecosystem processes and terrestrial carbon modeling over the
MSG disk, similarly to other missions (e.g. MODIS and Copernicus).
The skills of this new product have been assessed. In practice, one of
the key issues in the successful application of this product is its sim-
plicity in computation and robustness (i.e. low time computation and
high stability) because of the use of an ensemble of LSA-SAF products as
inputs (i.e. DMET, METREF, DIDSSF and MDFAPAR). Important aspects
such as general global patterns and seasonal dynamics have been
Fig. 7. MGPP product vs. MODIS (left), GDMP (center) and SMAP (right) products at 10-day temporal resolution (x-axis) over the MSGVAL sites for 2015–2017
regrouped in vegetation types (rows). Color code: locations over Europe (blue), Asia (black), Africa (red) and South America (green). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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evaluated in addition to a quantitative assessment of product perfor-
mance and accuracy. Although the proposed validation exercise is
constrained by the field data availability, the results have indicated the
effectiveness of algorithm to provide a high confidence product to be
released to the users and to be used for terrestrial ecosystems applica-
tions or production processes.
The important strengths of the MGPP product, such as the daily
basis of an intermediate GPP product (MDGPP), produced internally in
the LSA-SAF system, and the ability to recognize the productivity di-
minution due to water scarcity by means of the water stress coefficient
(Cws) can be of great importance for a variety of related issues. For
example, the inclusion of this coefficient should benefit in the analysis
of how ecosystems cope with extreme and recurrent droughts (Maselli
et al., 2009; Gilabert et al., 2015; Martínez et al., 2018a), particularly
over central Africa due to the MSG’s nominal position at 0° longitude
and wide area frequent observations in this area. Nevertheless, this
scheme is not always sufficient and several areas of research have been
identified as possible improvements for future implementations for the
MGPP algorithm and output.
The quality of the MGPP product can be hampered by several fac-
tors, such as the high presence of clouds and snow during the 10-day
period, particularly over the tropics or high latitudes in Europe. As an
improvement, a gap filling and filtering of the daily fAPAR time series
can be performed as it was proposed in Martínez et al. (2018a). Un-
fortunately, this temporal filling can only be accomplished if an entire
year of the daily fAPAR MSG product is available, limiting the near-real
time of MGPP distribution. Other potential cause that may strongly
influence the MGPP performance refers to the effect of low temperature
values and the variability of the εmax found within individual biomes
and its dependence with the chosen land cover. Improvements may be
led to update the individual values within biomes whenever a better
quality of land cover maps or new information via on going ecosystem
research become available. Future work is expected to assess the fea-
sibility of including the thermal effect in the MGPP product.
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Table 3
Results from the assessment performed between MGPP and the three EO-based
GPP products in the MSGVAL sites. MBD, MAD and RMSD are given in g m−2
day−1 for the land covers, EBF, DBF, ENF, HRB, SHR, CROP and BS. The cor-
relation (r) between the products is also included.
Land cover EO-based GPP product MBD MAD RMSD r
EBF MODIS 0.3 1.9 2.5 0.54
SMAP 0.5 1.5 1.9 0.69
GDMP −11.0 11.0 12.2 0.50
DBF MODIS 1.2 1.8 2.6 0.73
SMAP 0.7 1.6 2.1 0.81
GDMP −6.6 6.7 8.2 0.79
ENF MODIS −0.8 1.4 1.7 0.76
SMAP −0.3 1.1 1.4 0.78
GDMP −7.5 7.5 8.8 0.83
HRB MODIS 0.1 0.9 1.3 0.83
SMAP −0.9 1.2 1.6 0.85
GDMP −5.5 5.5 7.2 0.84
SHR MODIS 0.3 0.8 1.1 0.78
SMAP −0.4 0.9 1.1 0.80
GDMP −3.5 3.6 4.9 0.85
CROP MODIS 0.4 0.9 1.3 0.83
SMAP −0.1 0.8 1.2 0.87
GDMP −2.7 2.9 4.6 0.88
BS MODIS 0.6 0.7 0.9 0.88
SMAP 0.6 0.8 1.1 0.78
GDMP −1.2 1.3 2.1 0.84
Note: Correlations demonstrated a significance level up to 95%.
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Appendix A. . MDGPP performance against EC tower GPP estimates
As a benchmark to better understand the quality and reliability of the 10-day MSG GPP product (MGPP), an assessment between the interim daily
MSG GPP product (MDGPP) and the EC tower GPP estimates was performed at daily temporal scale.
The results (Table A.1) exhibit slightly higher errors and lower correlations that those found at 10-day scale (Table 2), mainly explained by the
noise attributed to the daily temporal variability. In some cases, the obtained errors were still below those errors observed for the EO-based products
at 10-day scale (e.g. DE-Gri, De-Kli, ES-LMa, and Za-Kru).
The number of observations (percent value) with a residual between MDGPP and EC GPP estimates falling below the optimal
(< 1.0 g m−2 day−1), target (< 2.0 g m−2 day−1) and threshold (< 3.0 g m−2 day−1) values were also computed. Very similar percentages were
obtained (i.e. 45%, 65% and 75% for optimal, target and threshold accuracies, respectively) as compared with those obtained at 10-day scale (see
Section 5.4), confirming a high consistency between both MDGPP and MGPP products.
Appendix B. . Explanatory power analysis for the MGPP product
As a further analysis of the MGPP product understanding, a statistical test was carried out to quantify which factors (i.e. incident photo-
synthetically active radiation, vegetation state and water stress) control the gross primary production. For this purpose, the explanatory power of the
used Monteith light use efficiency approach (Eq. (1)) was analyzed considering different inputs (Gilabert et al., 2015). The correlation between
MGPP and the product of its inputs (PAR, fAPAR and Cws) sequentially added is computed. Firstly, the contribution of the PAR (rPAR) is assessed by
computing the Pearson’s correlation coefficient (r) between MGPP and PARmax (Eq. (B.1)). Secondly, the contribution of fAPAR (r fAPAR) is calculated
by subtracting rPAR from the correlation between MGPP and f PARmax APAR (Eq. (B.2)). Finally, the contribution of the Cws (rCws) is assessed by
subtracting rPAR and r fAPAR from 1 (Eq. (B.3)).
=r r (MGPP, PAR)PAR max (B.1)
=r r f r(MGPP, PAR)f max APAR PARAPAR (B.2)
=r r r1C fPARws APAR (B.3)
The spatial pattern of the contributions of the inputs in the MGPP model is described in Fig. B.1 by means of the Hovmoller diagrams. The mean
values of each correlation (rPAR, r fAPAR, and rCws) against latitude is computed for each month of the study period. Fig. B.1. reveals the PAR as the most
Fig. 8. Differences of the mean GPP values among MGPP, MODIS, GDMP and SMAP GPP products. The differences are computed at every 10°-latitude bands in each
month during the period 2015–2017.
Table A1
Results derived from the comparison between MDGPP and EC tower GPP estimates, at daily temporal scale. RMSE, MBE and MAE are
written in g m−2 day−1. The correlation between the MDGPP and the EC GPP estimates is also shown.
Site MBE MAE RMSE r
DE-Geb −3.7 4.5 6.0 0.67
DE-Gri −1.7 3.3 4.4 0.52
DE-Kli 0.6 3.2 4.0 0.67
DE-Tha −2.2 2.6 3.1 0.68
ES-LMa −0.6 1.1 1.4 0.77
FI-Hyy −0.7 1.5 1.8 0.82
SN-Dhr −0.8 1.0 1.8 0.86
ZA-Kru −2.4 2.6 4.2 0.87
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influential variable at high latitudes in the North and South hemisphere during the summer season (where the PAR shows greater inter-annual
variability). In these regions the PAR justifies around 60% of the MGPP variance (r > 0.8), which is complemented by almost 40% of the variance
explained by the fAPAR (r ≅ 0.2). As was reported by Gilabert et al. (2015), this connection between the PAR and fAPAR deals with the strong
correlation between both variables observed for many types of vegetation. However, the fAPAR highlights its contribution when both PAR and fAPAR
are decoupled (Gilabert et al., 2015). This lack of connection arises, for example, when the maximum of both vegetation and solar cycles are not
reached at the same time, such as in the equatorial regions. In these areas, r fAPAR shows the highest values for almost all the year, maybe explained by
the low solar cycle variations due to the high solar irradiance along the entire year. The contributions from Cws is almost an order of magnitude lower
than that of fAPAR and highest values are observed on high latitudes at periods of the year where the water availability is reduced (green and yellow
colors).
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